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The paper contributes by demonstrating the sensitivity of nonparametric 
programming productivity measures to the choice of model –time series versus panel 
models of Malmquist productivity, and to various levels of commodity aggregation 
compared to the traditional Tornqvist-Theil index approach employing U.S. state-level 
data from 1960-96.  To illustrate the sensitive of nonparametric programming 
productivity measures, we compare the implicit shadow shares recovered from the dual 
values of the Malmquist productivity and total factor productivity methods to the 
observed shares of the Tornqvist-Theil index for U.S level data from 1948-1994. 
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 AGGREGATION ISSUES IN THE ESTIMATION OF 
MALMQUIST PRODUCTIVITY MEASURES 
 
Since 1990s
1, the nonparametric programming approach has gained popularity due to its 
ability to impose little a prior functional form, can handle multiple output-input without the need 
of price data, and accommodate weak and strong disposability assumptions.  However, 
nonparametric programming approach due to its piecewise linear approximation of the 
technology or theoretical frontier is conditioned by the level of commodity aggregation in the 
primal framework.   These aggregation issues have been addressed in the literature (Blackorby, 
and Russell, 1999; Färe and Zelenyuk, 2003; and Simar, and Zelenyuk, 2003) with the use of 
dual input, output and netput prices.  Theoretically, the use of dual price information would 
allow the aggregation of individual firms’ to industry, and the aggregation of commodities or 
inputs to aggregate output or aggregate input.  However, the aggregation issue in the primal 
framework without the explicit or implicit use of dual price is challenging. 
This paper demonstrates the sensitivity of nonparametric programming productivity 
measures due to commodity and input aggregation in the primal framework.   Specifically, we 
compare the productivity measures estimated by Malmquist productivity and Malmquist total 
factor productivity programming approach using time series and panel data
2 for various levels of 
                                                           
1  Google  scholar  search  of  Malmquist  productivity  index  resulted  in  3,990  articles,  with  the  addition  of  data 
envelopment analysis (DEA) reduced the number of articles to 2,550, with the addition of aggregation the number of 
articles were reduced to 1,260, with the addition of dual prices the articles reduced to 91 and finally with the 
additional primal framework there were no articles. 
 
2 The programming Malmquist productivity measures can be estimated for a s ingle firm using time series data 
(identified with technical change), multiple firms using cross -sectional data (identified with technical efficiency), 
and multiple firms over time using panel data (identified as a product of technical change and technical efficiency). P a g e  | 2 
commodity aggregation (single and multiple
3 technologies) employing U.S. state-level data from 
1960-96. 
Output and input based Malmquist productivity or Malmquist total factor productivity 
(Diewert, 1992 pp. 240 referred to it as Hick-Moorsteen approach) method is employed in the 
estimation of total factor productivity (TFP) measures.  The input and or output based Malmquist 
productivity measures can be estimated employing the concept of input (scalar decrease in inputs 
for an output vector) or output (scalar increase in outputs for an input vector) distance function –
for discussions see Fare, Grosskopf and Lovell.  The Malmquist total factor productivity measure 
can be calculated as the ratio of Malmquist output index (scalar increase in outputs) over 
Malmquist input index (scalar decrease in inputs) – for discussion see Caves, Christensen and 
Diewert (1982a). 
To illustrate the sensitivity of nonparametric programming productivity measures due to 
aggregation of commodities and inputs, we take a closer look at the share-weights
4 for a time-
series model.  Specifically, we compare the endogenous share-weights recovered from the dual 
values of the nonparametric linear programming constraints of the output/input Malmquist 
productivity and Malmquist total factor productivity programming method for various levels of 
commodity aggregation to the exogenous share-weights of the Tornqvist-Theil index employing 
U.S aggregate data from 1948-1994. 
                                                           
 
3 The importance and limitation associated with multiple outputs multiple input technology in the primal framework 
has been the subject of researchers.  With the availability of price data, dual framework was preferred over primal 
technology as it reveals more information. These primal and dual technologies form the underlying assumptions of 
the index (Tornqvist index), non -parametric (data envelopment analysis) and parametric methods of productivity 
measures. 
 
4 Other relative issues –slack and disposability are important but beyond the scope of the paper and further we will 
not be dealing with non-marketable goods or assume weak disposability in estimating productivity measures. P a g e  | 3 
NONPARAMETRIC PROGRAMMING APPRAOCH 
For nonparametric programming approach, technology that transforms input vector 
  12 , ,..., t t t it x x x x   into output vector    12 , ,..., t t t jt y y y y   for state  1,2,..., (48) kK  over time 
1(1960),2,..., (2004) tT  satisfying constant returns to scale can be represented by the output set 
as: 
(1)      : can produce
k k k k
t t t t P x y x y   
or input set as: 
(2)      : is produced by
k k k k
t t t t L y x y x   
and follow the properties described by Fare, including strong disposability of outputs and inputs, 
and constant returns to scale.   
  In a given year, t the concept of output set can be represented by output distance function 
for k  firms as: 
(3)     
1
, max :
k k k k
t t t t t OD x y y P y 

  
or input distance function for k  firms as: 
(4) 
1 ( , ) min : ( )
k k k k k
t t t t t ID y x x L y 
   
PANEL MALMQUIST PRODUCTIVITY 
In a panel data series of observations on a multiple units (such as 48 states in the U.S), 
output based Malmquist productivity   1
t
t OMP  is defined as the geometric mean of four output 




1 1 1 1
( , ) ( , )
( , ) ( , )
t k k t k k
t t t t t
t t k k t k k
t t t t
OD x y OD x y
OMP
OD x y OD x y

 
   
  P a g e  | 4 
or input based Malmquist productivity   1
t




1 1 1 1
( , ) ( , )
( , ) ( , )
t k k t k k
t t t t t
t t k k t k k
t t t t
ID y x ID y x
IMP
ID y x ID y x

 
   
  
Under constant return to scale technology, productivity improvements will result in 
values of greater than one while values less than one signify productivity declines. 
For a given year, t the  1
t
t OMP
5 defined in equation (5) requires the estimation of two 
same-period (7a and 7b) distance functions: 
(7a)       
1
, max :
t k k k k




(7b)       
1 1
1 1 1 , max :
t k k k k
t t t t OD x y y P x 
 
     
and two mixed-period (7c and 76d) distance functions: 
(7c)       
1
1 1 1 , max :
t k k k k
t t t t OD x y y P x 

     
(7d)       
1 1
1 , max :
t k k k k
t t t t OD x y y P x 
 
 
  The same-period output based distance functions may be calculated as the solution to the 
linear programming problem 
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5  Similarly input Malmquist productivity measures can also be estimated, but under the assumption of constant 
returns  to  scale  assumption  the  input  Malmquist  productivity  measures  are  identical  to  output  Malmquist 
productivity measures. P a g e  | 5 
where the z's  being the intensity variables with z  0 identifying the constant return to scale 
boundaries of the reference set. 
The mixed-period output based distance functions may be calculated as the solution to 
the linear programming problem 
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TIME SERIES MALMQUIST PRODUCTIVITY 
In a time series of observations on a single economic unit (such as the state of North 
Dakota), a Malmquist output-based measure of productivity ()
T OMP in year t relative to the 
final year T can be represented as follows.  Consider the multiple of year t output that is revealed 
to be possible relative to the set of all observations including year T, using the year t bundle of 
inputs.  If outputs could be doubled (the multiple is 2.0), then the productivity at time t is the 
inverse of this multiple, or 0.5. This concept can be represented by an output or input distance 
function evaluated for any year t using reference production possibilities set T as:
   





1 1 1 2 where
(9 ) , max (9 ) , min
.. ..
0 0
, ,........, , ,........,
T T
tt tt z z
jt j t j j
i t i i i t
TT
j j j j i i i YX
a OD x y b ID y x
st y zY st y zY
x zX zX x
z z
y y y and x x x
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The 
T OMP measure for a single economic unit, between two time-periods t and t+1, 
given technology T, is defined as: 
(10) 
1 1 1 1 1 1
( , ) ( , ) ( , )
( , ) ( , ) ( , )
T T T
T t t t t t t
T T T
t t t t t t
OD x y OD x y OD x y
OMP
OD x y OD x y OD x y      
  
and input based Malmquist productivity 
T IMP measure for a single economic unit, between two 
time-periods t and t+1, given technology T, is defined as: 
 (11) 
1 1 1 1 1 1
( , ) ( , ) ( , )
( , ) ( , ) ( , )
T T T
T t t t t t t
T T T
t t t t t t
ID y x ID y x ID y x
IMP
ID y x ID y x ID y x      
  
TIME SERIES MALMQUIST TOTAL FACTOR PRODUCTIVITY 
An alternative to the time-series output or input based Malmquist productivity, 
Malmquist total factor productivity ()
T MTFP , is defined as the ratio of Malmquist output index 
() MO and Malmquist input index () MI .  The Malmquist output index measure the scalar change 
in outputs assuming the inputs are given and constant over time.  Similarly the Malmquist input 
index measures the scalar decrease in inputs assuming the outputs are given and constant over 
time.  This concept of MO and MI can be represented by the modifying equation (9a and 9b) 
output and input distance functions evaluated for any year t for a single firm employing a 
reference production possibility set T 
   




1 1 1 2 where
(12 ) max (12 ) min
. . . .
0 0
, ,........, , ,........,
T T
t t zz
j t j i t i
TT
j j j j i i i YX
a OD y b ID x
st y zY st x zX
z z










where the intensity variables z  0 identifies the constant return to scale boundaries of the 
reference set. P a g e  | 7 
The Malmquist total factor productivity for a single economic unit maintaining the index 
productivity notion is represented as: 












   
To illustrate the sensitivity of nonparametric program approach to the level of commodity 
aggregation, we examine the share-weights, recovered from the dual values implicit in the linear 
programming constraints.  In the programming approach the share-weights are recovered from 
the dual values ()   of the output (input) constraints of the 
T OMP  (
T IMP ) in equation 9a 
(equation 9b) as well as the dual values recovered from the output (input) constraints in equation 
12a of MO (equation 12b of MI ) of 
T MTFP . 
The dual values of the linear programming input (equations 9b and 12b) and output 
(equations 9a and 12a) constraints are normalized to one, and are equivalent to the shares-
weights.  Following Shaik et al the nonparametric implicit output and input share-weights in 
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where   RS CS j i and  are the implicit output and input share-weights recovered from the linear 
programming constraint and   are the dual values obtained from the output and input linear 
programming constraints. 
 
U.S. AGRICULTURE DATA 
Economic Research Service of U.S. Department of Agriculture complies and publishes 
annual indexes of output, input use, and total factor productivity for the aggregate U.S. farm 
sector and for the individual states utilizing the Tornqvist-Theil index.  The U.S. state level data 
is available for the period 1960 to 1996.  For each state, quantity indexes of total output, crop 
production, livestock, and indices of total input, capital, land, labor, and intermediate inputs are 
available. These quantity indexes are constructed as weighted sums of the rates of growth of the 
components, where the weights are the respective value (output or input) shares. As such, the 
indexes measure the annual rates of change in the output or input aggregate. 
At the U.S. level, ERS publishes output and input quantity indexes and implicit prices 
data for the period 1948-1994 at a much disaggregate level.  Hence we collapse the disaggregate 
variables to the variables available at the state-level.  Specifically, we aggregated the available 
durable equipment, farm real estate and inventories into capital
6 and farm real estate leading to 
four inputs capital, land, labor and intermediate inputs. 
The state wise annual growth rate of the variables’ employed in the estimation of 
productivity for the period 1960-1996 is presented in Table 1.  Annual growth rate is defined as 
                                                           
 
6 Capital quantity index is computed as the share weight rate of change in durable equipment and inventories. P a g e  | 9 
1
1 ( ) 1 *100
T
tt XX      where X is input or output variable and T is the time period.  Within 
outputs, the average annual growth rate across all the states for crops is 1.568 followed by 
livestock with 1.233.  Here the average annual productivity growth rate represents a simple 
arithmetic mean of the annual productivity growth rate across all states.  In the input category, 
capital (-0.003), land (-0.943) and labor (-2.266) had a negative average annual growth rate 
across all the states compared to positive average annual growth rate of material inputs (0.735).  
The aggregate output, aggregate inputs and productivity indicated an average annual growth rate 
of 1.506, –0.402, and 1.916 respectively for U.S. agriculture sector over the time period 1960-96.  
However the productivity computed based on the average annual growth rate of output and input 
leads to average annual productivity growth rate of 1.908 indicating the averaging of state-wise 
annual productivity growth rates provide a true measure than the ratio of the average annual 
growth rate of output and input. 
 
EMPIRICAL APPLICATION AND RESULTS 
To illustrate the sensitivity of nonparametric programming to the level of aggregation, 
equation 5 (panel model) and equation 10 (time series model) is estimated for various levels of 
commodity and input aggregations using U.S. state-level data from 1960-1996 by SHAZAM.  
These nonparametric programming output based Malmquist productivity measures are compared 
to the Tornqvist-Theil index productivity measures. 
The state-wise annual productivity growth rate
7 estimated for the period 1960-96 using 
output based Malmquist time series and panel models for various levels of aggregation are 
                                                           
 P a g e  | 10 
presented in Table 2.  For aggregate technology i.e.,  1 and 1 ij  , the output based Malmquist 
time series  ( , )
T OMP i j  and output based Malmquist panel  1( , )
t
t OMP i j  models estimated an 
annual growth rate of 1.916 identical to Tornqvist-Theil index measure.  As indicated earlier the 
aggregate technology might be immune to the divergences in productivity measures as share-
weights are not used in the estimation process. 
The sensitivity of nonparametric Malmquist measures due to the level of aggregation 
using time-series and panel methods is clearly illustrated.  Within nonparametric programming 
approach the three levels of aggregation estimated involves the use of four inputs and aggregate 
output, 1(4,1)
t
t OMP ), aggregate input and two outputs, 1(1,2)
t
t OMP ), and finally four inputs and 
two outputs, ( 1(4,2)
t
t OMP  for the panel model.  Similarly the three models,  (4,1)
T OMP , 
(1,2)
T OMP  and  (4,2)
T OMP  are also estimated using time series model.  Results from the time 
series (4,1)
T OMP and panel  1(4,1)
t
t OMP  models of nonparametric programming approach 
indicate an average annual productivity growth rate across all the states of 0.794 and 1.580 
respectively.  Similarly time series (panel) model for other levels of commodity aggregation i.e., 
(1,2)
T OMP  and  (4,2)
T OMP  ( 1(1,2)
t
t OMP  and  1(4,2)
t
t OMP ) indicated an average annual 
productivity growth rate of 1.257 and 0.360 (1.597 and 1.412) respectively across all the states.  
Overall, results from Table 2 demonstrates the sensitivity of the nonparametric Malmquist 
productivity measures to the level of aggregation as well as the use of time-series versus the 
panel model compared to Tornqvist-Theil productivity or aggregate nonparametric programming 
productivity measures. 
                                                                                                                                                                                           
7  The  detailed  annual  productivity  measures  computed  using  the  time  series  programming  and  panel  model 
programming approach could be obtained from the authors. 
 P a g e  | 11 
To illustrate the sensitivity of nonparametric productivity measures to the choice of 
method – output/input based Malmquist productivity or Malmquist total factor productivity and 
to commodity aggregation, we compare the endogenous share-weights recovered from the dual 
values of the nonparametric linear programming constraints of the output/input Malmquist 
productivity and Malmquist total factor productivity programming method for various levels of 
commodity aggregation.  Also we compare the endogenous share-weights recovered from the 
nonparametric Malmquist programming approach to the exogenous share-weights of the 
Tornqvist-Theil index employing U.S aggregate data from 1948-1994. 
The average input and output shares of the Tornqvist-Theil index approach, the 
Malmquist productivity programming approach and the Malmquist total factor productivity 
programming approach for various levels of disaggregation are presented in Table 3.  Results 
from Table 3 indicate the average shadow shares
8 of the Malmquist productivity and the 
Malmquist total factor productivity programming approach are different from the exogenous 
observed market shares of the Tornqvist-Theil index approach for various levels of commodity 
disaggregation.  For Tornqvist-Theil index approach, the average capital, farm real estate, farm 
labor and intermediate inputs shares are 0.111, 0.162, 0.265 and 0.463 respectively.  Compared 
to the Tornqvist-Theil index approach, the average shadow input shares computed for the 
(1,4)
T IMP  ( (2,4)
T IMP ) of input based Malmquist productivity programming approach are 
0.003, 0.023, 0.009 and 0.965 (0.004, 0.028, 0.020 and 0.948) for capital, farm real estate, farm 
labor and intermediate inputs respectively.  However, the average capital, farm real estate, farm 
labor and intermediate inputs shadow shares computed from the input index ( (0,4)
T MI ) of the 
                                                           
8 Due to the piecewise linear approximation of the programming approach for some inputs or outputs, the shares 
approximated from the linear programming constraints might attach zero or 100 percent weight.  However the shares 
present in the Table 3 are averaged across the whole time period. P a g e  | 12 
Malmquist total factor productivity programming approach is 0.017, 0.318, 0.354 and 0.312 
respectively. 
Similar differences between Tornqvist-Theil index observed output shares and the 
shadow output shares computed from  (1,2)
T OMP  and  (4,2)
T OMP  (of output based Malmquist 
productivity) and  (1,2)
T MO  (of Malmquist total factor productivity) models are observed.  The 
average output shares of crops and livestock computed for  (1,2)
T OMP (0.0.64 and 0.936) and 
(4,2)
T OMP  (0.085 and 0.915) models demonstrated skewed shadow shares compared to 
Tornqvist-Theil index (0.554 and 0.446).  Similar skewed crop and livestock output shadow 
shares are recovered from the  (0,2)
T MO  of the Malmquist total factor productivity 
programming approach. 
To examine the effects of share-weights on the sensitivity of the nonparametric 
programming approach - Malmquist productivity and Malmquist total factor productivity 
measures, the U.S. annual productivity growth rates computed for various levels of commodity 
aggregation are presented in Table 4 along with the Tornqvist-Theil index productivity measures.  
The annual productivity growth rate for aggregate technology computed from the output-based 
Malmquist productivity ( (1,1)
T OMP ), input-based Malmquist productivity ( (1,1)
T IMP ) and 
Malmquist total factor productivity  (1,1)
T MTFP  programming approach is identical to the 
Tornqvist-Theil index approach of 1.963.  In general, for various levels of commodity 
aggregation the nonparametric programming approach identify annual productivity growth rate 
different from the Tornqvist-Theil index approach.  Specially, the annual productivity growth 
rates of 0.486 ( (4,1)or (1,4))
TT OMP IMP , 1.729 ( (1,2)or (2,1))
TT OMP IMP and 0.267 
( (4,2)or (2,4))
TT OMP IMP  does not identify as much increase in productivity growth rate of P a g e  | 13 
1.893 ( (4,1)
T MTFP ), 1.728 ( (1,2)
T MTFP ) and 1.659 ( (4,2)
T MTFP ) or more importantly to the 
annual productivity growth rate of 1.963 from the Tornqvist-Theil approach for the time period, 
1948-94. 
One of the main reasons for the difference in the productivity measures across models is 
the use of average share-weights to form the technology or the theoretical frontier.  Unlike the 
index approach, the average share-weights or average shadow prices used in nonparametric 
programming approach is driven by the quantity data used in the estimation.  For example with a 
four inputs-two outputs aggregation model, if the nonparametric programming approach 
allocates maximum share-weight on a single input with a huge positive rate-of-change then the 
productivity measures would be very low.  Alternatively, if the nonparametric programming 
approach allocates maximum share-weight on a single input with a lowest rate-of-change then 
the productivity measures would be very high. 
Based on Table 1, the rate of change in intermediate inputs for the entire period was a 
positive 0.735 compared to negative rate of change with the remaining three inputs – capital, 
land and labor.  From Table 3, the exogenous average share-weight allocated to intermediate 
input by index approach was 0.463 compared to the endogenous average share-weight or average 
shadow price of 0.956 ( (1,4)
T IMP ) and 0.948 ( (2,4)
T IMP ) level of aggregation.  Under these 
conditions the overall use of input to produce the given output is higher leading to lower 
productivity measures.  This is because the nonparametric programming approach allocated 
highest average share-weight to intermediate input with highest positive rate-of-change leading 
to increased overall use of inputs. 
In contrast, Table 1 indicates the average rate-of-change in the livestock and crop is 1.233 
and 1.568 respectively.  From Table 3, the exogenous average share-weight allocated to livestock P a g e  | 14 
and crop by index approach was 0.446 and 0.554 respectively.  The endogenous average share-
weight allocated to livestock and crop by index approach was 0.936 and 0.064 respectively for
(1,4)
T IMP  level of aggregation.  Similar trends in the average share-weights were indicated by
(2,4)
T IMP  level of aggregation.  Under these conditions the overall production of output is 
lower for a given use of input leading to lower productivity measures. 
 
CONCLUSION 
The paper examines the sensitivity of nonparametric programming productivity measures 
to the choice of model –time series and panel Malmquist productivity, and to commodity 
aggregation compared to the traditional Tornqvist-Theil index approach employing U.S. state-
level data from 1960-96.  The importance of share-weights in explaining the sensitivity of the 
nonparametric productivity measures is illustrated by comparing the implicit shadow shares 
recovered from the dual values of the linear programming constraints in the time series 
Malmquist productivity and Malmquist total factor productivity programming methods to the 
observed shares of the Tornqvist-Theil index employing U.S level data from 1948-1994. 
The analysis at the U.S. state level indicate productivity measures estimated from the 
time series and panel models of Malmquist productivity programming approach are identical to 
the Tornqvist-Theil productivity measures for aggregate (single output single input) technology.  
Divergence in productivity measures is observed not only due to choice of method –Malmquist 
productivity and Malmquist total factor productivity methods and various levels of commodity 
and input aggregation, but also between the index and programming approach.  Due to the 
piecewise linear approximation of the nonparametric programming approach, the shadow share-P a g e  | 15 
weights are skewed leading the difference in the productivity measures across methods, models 
and various levels of commodity aggregation. 
The importance of the results reported in this paper will depend upon the researcher’s 
objectives and availability of data.  If prices are available utilizing the price information (as 
share-weights) in the computation of productivity measures either by Tornqvist-Theil index 
and/or programming approach to provide similar outcome irrespectively of the approach.  
However, for the unpriced non-market goods like environmental pollution, the unavailability of 
price information would motivate researchers to apply the programming approach to estimate the 
productivity measures as well as to recover the shadow prices. P a g e  | 16 
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Table 1. State-wise Annual Output and Input Growth Rates
1, 1960-1996 
State  Aggregate 
Output  Livestock  Crops  Aggregate 
Input  Capital  Land  Labor  Interm

































































































































































































































































































































































































































































































                   
Average
2  1.506  1.233  1.568  -0.402  -0.003  -0.943  -2.266  0.735  1.916 
1 Annual growth rate is 
1
1 (( ) 1)*100
T
tt XX
   where X is input or output variable and T is the time 
period. 
 
2 A simple average across states.  P a g e  | 18 
Table 2. State-wise Annual Productivity Growth Rates, 1960-1996. 
State 
  Output based Malmquist -Time series  Output based Malmquist -Panel Model 
Tornqvist-

































































































































































































































































































































































































































































































































                   
Average  1.916  1.916  0.794  1.257  0.360  1.916  1.580  1.597  1.412 
Where  ( , ) OMP i j represents the output based Malmquist productivity measures with  and ij  
indicating number of inputs and outputs.  Annual growth rate and average is defined in Table 1. P a g e  | 19 
Table 3.  U.S. Agricultural Sector Arithmetic Mean of Input and Output Share-Weights for 










         
Tornqvist-Theil Index  0.111  0.162  0.265  0.463 
       
Input based Malmquist       
    (1,4)
T IMP   0.003  0.023  0.019  0.956 
   (2,4)
T IMP   0.004  0.028  0.020  0.948 
     
Malmquist Input Index of MTFP     
    (0,4)
T MI   0.017  0.318  0.354  0.312 
         
  Output Share-weights 
      Crops  Livestock 
         
Tornqvist-Theil Index      0.554  0.446 
       
Output based Malmquist       
    (1,2)
T OMP       0.064  0.936 
   (4,2)
T OMP       0.085  0.915 
       
Malmquist Output Index of MTFP       
   (0,2)
T MO       0.064  0.936 
         
 
Where 
( , ) OMP i j represents  the  output  based  Malmquist  productivity  measures, 
( , ) IMP j i
represents the input based Malmquist productivity measures,  () MI i represents Malmquist input 
index of the Malmquist total factor productivity, and 
() MO i represents Malmquist output index of 
the Malmquist total factor productivity with 
and ij  indicating number of inputs and outputs.  P a g e  | 20 
Table 4.  U.S. Agricultural Sector Annual Productivity Growth Rates for various Levels of 






   
Tornqvist-Theil Productivity Index  1.963 
 
Output/Input based Malmquist Productivity 
     (1,1)
T OMP  or  (1,1)
T IMP   1.963 
     (4,1)
T OMP  or  (1,4)
T IMP   0.486 
     (1,2)
T OMP  or  (2,1)
T IMP   1.729 
     (4,2)
T OMP  or  (2,4)
T IMP   0.267 
   
Malmquist Total Factor Productivity 
     (1,1)
T MTFP   1.963 
     (4,1)
T MTFP   1.893 
     (1,2)
T MTFP   1.728 
     (4,2)
T MTFP   1.659 
   
 
Where  ( , ) OMP i j represents the output based Malmquist productivity measures,  ( , ) IMP j i
represents  the  input  based  Malmquist  productivity  measures,  ( , ) MTFP i j represents 
Malmquist total factor productivity with  and ij  indicating number of inputs and outputs.  